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Addressing Wildfire Risk in a Landscape-Level
Scheduling Model: An Application in Portugal
Liliana Ferreira, Miguel F. Constantino, José G. Borges, and Jordi Garcia-Gonzalo
The paper presents and discusses research aiming at the development of a forested landscape management scheduling model that may address the risk of wildfires.
A general indicator is built from wildfire occurrence and damage probabilities to assess stand-level resistance to wildfires. This indicator is developed to further address
the specificity of each stand configuration (e.g., shape and size) and spatial context (neighboring stands characteristics). The usefulness of the development of such an
indicator is tested within a mixed integer programming (MIP) approach to find the location and timing of management options (e.g., fuel treatment, thinning, clearcut)
that may maximize the forested landscape expected net revenues. The Leiria National Forest, a Portuguese forest in central Portugal, was used as a case study. Results
suggest that the proposed approach may help integrate wildfire risk in forested landscape management planning and assess its impact on the optimal plan. Results further
show that prescriptions that include fuel treatments are often chosen over others that do not include them, thus highlighting the importance of wildfire management
efforts. Finally, they provide interesting insights about the role of thinnings and fuel treatment in mitigating wildfire risk.
Keywords: wildfire risk, forest management scheduling, mixed integer programming
Wildfires are one of the main threats for forests in theMediterranean countries, namely in Portugal (Alexan-drian et al. 2000, Pereira et al. 2006). Large-scale forest
fires throughout Mediterranean countries (e.g., Portugal, Spain, It-
aly, and Greece) have substantially increased during the last few
decades (Velez 2006). The need to address wildfire risk in forest
management planning is evident and yet fire and forest management
are currently carried out mostly independently of each other in these
countries (Borges and Uva 2006). Forest management planning
addresses landscapewide goals and encompasses the scheduling of
management options in each stand in the landscape mosaic. Stand
management options are tied together by the landscapewide goals,
e.g., even timber flows and ending inventory concerns (Borges et al.
1999, Hoganson et al. 2008), hence the importance of landscape-
level models to develop stand management schedules.
The losses caused by wildfires are one of the major sources of
uncertainty when projecting timber supply in forest management
planning. They thus have a substantial impact on landscapewide
objectives. Wildfires are a spatial phenomenon that may propagate
from stand to stand due to several factors such as adjacency, wind,
slope, and altitude, among others. Therefore, wildfire size, intensity,
and postfire mortality in any given stand will be influenced by its
characteristics as well as by the features of adjacent stands and their
relative position. Thus, the much-needed incorporation of wildfire
risk in forest management planning does require stand-level infor-
mation (e.g., inventory and environmental features), as well as geo-
graphical information to characterize each stand spatial context
(e.g., Agee et al. 2000, Acuna et al. 2010, Konoshima et al. 2010,
Gonzáélez and Pukkala 2011). In this context, Kalabokidis et al.
(2002) developed a conceptual framework to compute fire potential
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at landscape level, identifying external and internal factors that may
influence it.
The development of decision trees (Cohan et al. 1983), mathe-
matical programming models (e.g., Reed and Errico 1986,
Gassmann 1989, Lilieholm et al. 1991, Boychuk and Martell 1996,
Martins et al. 2005, Constantino et al. 2008, Acuna et al. 2010),
simulation (Van Wagner 1983, Peter and Nelsson 2005), combina-
tion of Monte Carlo simulation and mathematical programming
(Armstrong 2004), Markov chains (Zhou and Buongiorno 2006,
Campbell and Dewhurst 2007), or heuristics (e.g., Hoganson and
Rose 1987, Borges and Hoganson 1999, Falcão and Borges 2002,
Caro et al. 2003, Gonzáélez et al. 2005) have proved to provide a
framework that facilitates the integration of considerations about
wildfire risk in forested landscape management planning models.
Van Wagner (1983) pioneered research of modeling approaches to
assess the impact of the proportion of burned area on timber supply.
Reed and Errico (1986) developed a linear programming harvest
scheduling model that took as input the fraction of burned forest in
each year, considering the revenue losses due to wildfires. Hoganson
and Rose (1987) developed a multistage stochastic linear program-
ming harvest scheduling approach where the short-term stage was
considered as risk free and the long-term stage was associated with
several probabilistic scenarios. Gassmann (1989) developed a non-
spatial stochastic programming model with several stages to opti-
mize harvest scheduling in the presence of fire. Boychuk and Martell
(1996) also developed a stochastic programming model where the
first stage involved decisions made in a risk-free framework and
where, at the beginning of each period, the forest is characterized by
the area in each age class. Gonzáélez et al. (2005) integrated stand-
level wildfire risk models into forestwide management planning
models to optimize landscape metrics reflecting the spatial distribu-
tion of forest fuels and fire hazards. Despite the difficulty of ad-
dressing forested landscape management planning with dynamic
programming, due to the dimensionality curse, some authors devel-
oped formulations to overcome this constraint (e.g., Borges and
Hoganson 2000, Spring and Kennedy 2005, Hoganson et al. 2008,
Forsell et al. 2001, Konoshima et al. 2010).
Since forest management impacts the fuel load as well as its
spatial distribution over the landscape, the most promising model-
ing approaches consider wildfire risk as endogenous to the manage-
ment planning problem. Palma et al. (2007) and Acuna et al. (2010)
developed approaches to estimate the contribution of each stand to
reduce wildfire spread and losses. The latter developed a mixed
integer programming model (MIP) to extend the approach by Reed
and Errico (1986) and specify where and when to harvest blocks of
stands so that clearcuts may lead to the reduction of wildfire risk and
to maximize financial returns. Wei et al. (2008) expanded MIP
models to locate fuel treatments in management plans based on
ignition risk, probabilities of spread, fire intensity, and values at risk.
Wei (2012) further demonstrated the potential of MIP to examine
the location of fuel treatments to improve the efficiency of control-
ling future catastrophic fires. Moreover, several authors addressed
fuel treatment scheduling to further integrate wildfire consider-
ations in forested landscape management planning (e.g., Agee et al.
2000, Finney 2000, Gonzáélez et al. 2005, Palma et al. 2007, Kim et
al. 2008, Konoshima et al. 2010, Acuna et al. 2010). Other authors
have explicitly incorporated the use of wildfire spread simulators in
forest planning models (Johnson et al. 1998, Bettinger 2009,
Young-Hwan et al. 2009). However, in most cases, the use of wild-
fire spread simulators in forest planning is somehow limited as they
require input data that are hardly available in a management plan-
ning framework characterized by extended temporal horizons (i.e.,
weather conditions, fuel moisture).
This approach to integrate wildfire risk in landscape-level forest
management planning involved the development of an indicator to
characterize a stand resistance to fire. This indicator builds from
stand-level wildfire occurrence and damage probabilities (Garcia-
Gonzalo et al. 2012, Marques et al. 2012). It takes further into
account stand geometric (e.g., shape and size) and topological (e.g.,
spatial context) features so that it may address wildfire spread con-
cerns. The emphasis was in adjusting a stand intrinsic resistance to
wildfire according to its neighboring relations and the features of
adjacent stands. The resistance indicator was incorporated in a har-
vest scheduling mixed integer model. This model seeks the combi-
nation of management alternatives that maximizes the forest value
while targeting an aggregated value of wildfire resistance in each
planning period. After presenting the modeling approach, we dis-
cuss results of an application to Leiria National Forest, a public
forest in central Portugal.
The Modeling Approach
The forest management scheduling problem will be designed as a
linear programming Model I (Johnson and Sheurman 1977). As
such, its solution encompasses the assignment of a prescription to
each stand i, i a I  {1, …, I} in the forest so that landscapewide goals
may be approximated. The landscape-level model should thus re-
flect spatial and temporal relations between stand-level decisions. In
this research, the modeling approach recognizes the impact of deci-
sions, made in a stand, on wildfire occurrence and severity proba-
bilities in the set of its neighboring stands (e.g., the implementation
of fuel treatments in a stand may help constrain the spread of fires to
adjacent stands) (e.g., Finney 2000, Gonzáélez et al. 2005, Kono-
shima et al. 2010, Acuna et al. 2010). This entailed the development
of a periodic stand-level wildfire resistance indicator. A periodic
landscapewide wildfire resistance indicator was computed further as
the weighted average of the stand-level indicators where the weights
correspond to the stand area.
Adjusted Resistance Indicator
The wildfire resistance indicator of any stand i was thus built to
reflect the environmental and biometrical features (e.g., stand den-
sity, shrubs biomass) of both stand i and its adjacent stands. The
former contribute to the stand-i-specific resistance, while the latter
are combined with the risk of wildfire spread to stand i to compute
an adjusted resistance indicator. The specific resistance of stand i in
period t is termed Rit. It reflects the proportion of trees in stand i that
are prone to survive a wildfire occurring in planning period t, ac-
cording to wildfire occurrence and postfire mortality probability models
(Garcia-Gonzalo et al. 2011, Marques et al. 2012).
The adjusted resistance level of stand i in period t is termed RAit.
It incorporates the wildfire resistance levels of its adjacent stands and
the risk of fire spread. It is defined as the solution of the following
equations
RAit  Rit  1  wi 
si
isRAst  Rit, i  I, t  T
(1)
with
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Rit  specific resistance of stand i in period t; Rit
a [0,1]; (1  wi) 
weight to reflect the impact of neighboring stands on the wildfire
resistance of stand i; (1  wi)  [0,1]; wi depends on parameters
that reflect the size and shape of the stand i; we assume wi 	 0.
is  parameter reflecting the likelihood of a fire that occurs in
stand s to spread to stand i; 0  is  1 and s  i

 is  1, where
 {i} is the set of neighbors of stand i. With these assumptions, it can
be shown Equations 1 have exactly one solution (Ferreira 2011) (see
Appendix).
The impact of neighboring stands, (1  wi), on wildfire resis-
tance of stand i is assumed to decrease (increase) with the area
(perimeter) of the latter, while the likelihood of a wildfire that occurs
in stand s to spread to stand i, is, is assumed to increase with the
length of the edge between the two stands. The difference RAst  Rit
thus corresponds to the adjustment of the specific wildfire resistance
of stand i(Rit) might undergo to address the impact of its spatial
context. For example, the wildfire resistance of stand i is prone to
increase if the adjusted resistance of a neighboring stand s is greater
than the specific resistance of stand i. A stand-specific wildfire resis-
tance indicator might also be adjusted by considering the specific
wildfire resistance of its neighbors s, rather than their adjusted wild-
fire resistance
RAit  Rit  1  wi 
si
isRst  Rit, i  I, t  T.
(2)
Nevertheless, in this case, the spatial context is interpreted more
limitedly, as it is assumed that the wildfire resistance of a stand is
impacted only by its adjacent stands rather than by a wider neigh-
borhood. Thus, in this research, we assumed that a stand-specific
wildfire resistance indicator is to be adjusted according to the ad-
justed wildfire resistance of its neighbors. In both cases (Equations 1
and 2), the wildfire resistance indicator value ranges from 0 and 1
(Ferreira 2011) (for more details, see Appendix).
The MIP Approach
The approach to address wildfire risk concerns in forest manage-
ment scheduling integrates the stand-adjusted resistance index into
an MIP model that may be described as follows















viktAixik  Vt, t  T (5)
Vt  1  	Vt1, t  T 
1 (6)












riktxik, i  I, t  T (8)
RAit  Rit  1  wi 
si






 RESt, t  T (10)
xik  0,1, i  I, k  i (11)
where
Sets and indices:
i identifies the stand, with i  I{1, …, I} and I corresponds to
the total number of stands; k identifies a prescription that may be
assigned to stand i, k  i  {1, …, Ki}; t identifies the planning
period, with t    {1, …, T }; and T corresponds to the number
of planning periods.
 {i}  set of stand i’s neighbors.
Parameters:
cik  net present value, euros per hectare, resulting from the use
of prescription k to manage stand i. It includes the value of ending
inventory and it is adjusted to reflect the impact of wildfires as
described in the Case Study section, under Results.
Ai  area of stand i, in hectares; AF  total forest area, in hect-
ares, AF  ¥i  1
I Ai; rikt  specific wildfire resistance of stand i in
period t if it is managed according to the prescription k; RESt 
landscapewide wildfire resistance in period t; RESt  [0,1]; (1 
wi)  as in Equation 1; is  as in Equation 1; ikt  volume per
hectare harvested in period t if prescription k is assigned to stand i;
Fik  age of stand i at the end of the planning horizon if prescription
k is assigned to it; f  minimum required average age of the forest at
the end of the planning horizon; 	  maximum allowed variation of
volume harvested in two consecutive periods.
Variables:
xik   1, if stand i is managed by prescription k0, otherwise ;
Rit  specific resistance of stand i, in period t.
RAit  adjusted wildfire resistance of stand i, in period t.
Vt  volume harvested in period t.
Equation 3 expresses the aim of maximizing the forest value.
Equations 4 ensure that one and only one alternative is assigned to
each stand.
Equation 5 defines the volume harvested in each planning pe-
riod, while Equations 6 define the volume wood flow constraints.
The latter state that the volume harvested in consecutive periods
should not fluctuate over more than 	. The concern about the state
of the forest at the end of planning horizon is reflected by Equation
7 that ensures that the average age of the ending inventory is greater
or equal than a minimum value f.
Equations 8 compute the specific wildfire resistance of each stand
in each period, according to the prescription assigned to it. Equa-
tions 9 compute the adjusted wildfire resistance of each stand, in
each period, as described in Equation 1. To address wildfire risk
concerns, harvest scheduling is constrained by setting a minimum
level of forestwide adjusted wildfire resistance, computed as the
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weighted average of its stands’ adjusted wildfire resistance, where the
weights correspond to the stand area (Equation 10).
The MIP model is deterministic and yet it may address wildfire
fire risk by taking advantage of the information provided by the
adjusted wildfire resistance. This indicator sets a protection level
target and is used further to adjust the cost coefficients of the deci-
sion variables. In the The Adjusted Cost Coefficient in the MIP




To test the modeling approach we will consider Leiria National
Forest (LNF), a public even-aged maritime pine forest in Portugal.
LNF extends over an area of approximately 11,000 hectares, of
which about 8,600 have been allocated to timber production. This
area has been classified into 393 stands very regular in shape. A
typical pine prescription includes a plantation of about 2,000 seed-
ling per ha, a mandatory precommercial thinning at 15 years of age
that leaves about 1,500 trees per ha, thinnings every 5 years between
20 and 50 years of age, and rotation ages that may extend from 50 to
80 years (Falcão and Borges 2001). In the instance considered in this
case study, stands with age lower than 20 years extend over 13% of
the forest area, while stands with age between 20 and 50 years extend
over 65% of LNF productive area. The remaining 22% of the forest
area is occupied by mature stands with age greater than 50 years.
The planting cost in LNF includes a fixed and a variable compo-
nent (Table 1). The former includes the soil preparation and the fuel
treatment costs. The latter includes the seedling costs. In LNF,
timber is typically sold before harvesting and stumpage prices are a
function of age (Table 2). After a wildfire, some timber may be
salvaged and sold. Generally, salvage prices correspond to 75% of
the original prices. In the case of stand ages for which timber prices
were not available, these were computed by linear interpolation of
available prices (Table 1). A 4% rate was used to discount costs and
revenues.
Maritime pine growth was estimated using a simplified version of
the stand-level growth-and-yield model DUNAS (Falcão 1998).
This model is based on difference equations and characterizes the
existence of a stand at each age, according to the basal area, using the
McDill and Amateis model (McDill and Amateis 1992). Under-
story growth was estimated according to a model developed by
Botequim et al. (2009). According to this model, the understory
biomass level depends on its age and on the percentage of sprouters.
To estimate the percentage of live trees in stand i in period t, if it
is managed according to prescription k, this research used wildfire
occurrence and damage models developed for pine stands in Portugal
(Garcia-Gonzalo et al. 2011, Marques et al. 2012). The wildfire
occurrence model estimates the probability of wildfire occurrence in
a stand, according to its state (e.g., age, basal area, number of trees,
biomass level). The damage model estimates the proportion of dead
trees whenever mortality occurs as a consequence of a wildfire.
Specific Resistance Indicator
Forest structure and composition evolve in time and a stand
wildfire resistance changes over the planning horizon. The indicator
to estimate the specific wildfire resistance of a stand in LNF, in a
planning period, should consider the stand state in this period, as
well as the annual probabilities of wildfire occurrence, the probabil-
ity of a wildfire to cause mortality, and the proportion of dead trees










ikt  probability of wildfire occurrence in stand i in year u of
period t if it is managed according to prescription k.
Pmortu
ikt  probability of mortality to occur if there is a wildfire
in stand i, being managed according to prescription k, in year u of
period t.
Pamu
ikt  proportion of dead trees in stand i, being managed
according to prescription k, in year u of period t if mortality occurs
as a consequence of a wildfire.
The computation of a LNF stand-specific wildfire resistance in
period t, when it is managed according to prescription k, rikt, as-
sumes independence of wildfire occurrence in different years. The
proportion of surviving trees, in each year of a period t, builds from
the number of live trees in the previous year. The indicator thus
computes the proportion of surviving trees at the end of period t. rikt
may also be interpreted as the expected percentage of surviving trees
in stand i, in period t, if prescription k is adopted.
The Adjusted Wildfire Resistance Indicator
The specific wildfire resistance indicator is adjusted using two
parameters (Equation 9). The first, (1  wi), reflects the overall
impact of neighboring stands on the wildfire resistance of stand i,
while the second, is , explains the contribution of each individual
neighboring stand to that impact. The assignment of values to wi,
i  I is based on the relation between the area and the perimeter of
stand i, as it reflects its shape and size. The greater the perimeter, the
greater will be the impact of neighboring stands on the wildfire
resistance of stand i. Conversely, the greater the area, the lower will




wi. This ratio has been introduced (e.g., Thomas 1979, Ohman and
Lamas 2005) to address spatial considerations in forest manage-
ment. It reaches its maximum value, one, when the stand i is a
perfect circle. Specifically, the weight wi will be calculated according
Table 1. Stumpage prices used for forest management scheduling





P_20 years 15 11
P_30 years 28 21
P_60 years 40 30
P_80 years 65 49
Values in Borges and Falcão (1999) were updated according to pine stumpage
prices variation since 1998. Source: Borges and Falcão (1999).
Table 2. Operational costs.
Fixed cost Variable cost
Shrub removal cost 167€/ha –
Plantation cost 448€/ha 0.22€  number of plants
Source: CAOF’s Database of ANEFA—The National Association of Forest, Agri-
culture and Environment Enterprises.
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to the expression wi  
2Areai
Perimeteri
, with 0    1. If stands have
the same area, the weight wi will decrease with the perimeter, while
in the case of stands with the same perimeter, the weight will in-
crease with the area. To ensure further that different weights are




but that have different areas, the computation of weights wi consid-
ers the parameter  
Areai
i  Areai
, where i  0 may be another
scale-related parameter (e.g., the stands average area). For example,
in the case of stands with very large areas, the parameter  is closer to
1, while in the case of small stands it approaches 0.
To assess the impact of a neighboring stand s on the wildfire
resistance of stand i, the parameter is takes into account the per-
centage of border that stand i shares with stand s, the slope, the
relative position of stands i and s, and the existence of barriers
between the stands (e.g., roads). Accordingly, it may be computed as
is  fismis (13)
where
fis  fraction of the border of stand i that is shared with stand s;
fis  [0,1] and s  i
¥
fis  1.
mis  parameter that reflects the likelihood of wildfire spread
from stand s to stand i; it takes into account the relative position of








fis  1, thus 
si
is  1.
In this case study, the factor mis is decomposed into two compo-
nents—u and p—i.e., mis  uispis and is is thus computed as
is  fisuispis (14)
where
uis  likelihood of fire spread from stand s to stand i, based on the
relative position of i and s; uis  [0,1].
pis  likelihood of fire spread from stand s to stand i, based on the
existence of barriers between the two stands; pis  [0,1].
The relative altitude of both stands s and i influences the possi-
bility of wildfire spread from s to i. If stand s is at an altitude lower
than stand i, the more likely it is that a fire that crosses s spreads to i,
as, in general, wildfire spreads uphill (e.g., Van Wagner 1988). In
this case, the impact of s on the wildfire resistance of i is greater.
Wildfire spread is also influenced by slope. In general, the rate of
wildfire spread increases with the slope (e.g., Van Wagner 1988,
Gonzáélez and Pukkala 2011), so if the stand s is at a lower eleva-
tion than i, the higher the slope the greater the likelihood of wild-
fire spread from s to i. Conversely, if s is at a higher elevation than i,
the higher the slope the lower the likelihood of wildfire spread from
s to i.
The aspect of neighboring stands also influences the spread of
fire. If the aspect of neighboring stands s matches the direction from
where wind blows and if s is at a lower elevation than i, then the
higher is the likelihood of fire spread from s to i. Finally, the exis-
tence of barriers hinders wildfire spread and leads to a smaller influ-
ence of neighboring stands on the resistance of the stand i.
LNF is at a low altitude and the slope of its stands varies between
0 and 26 degrees. In general, the wind is toward southeast. The
estimation of the values of parameters needed to compute the
stands’ adjusted wildfire resistance took advantage of expert knowl-
edge available (Table 3) and met two conditions. Firstly, uis is larger
when s is at an altitude lower than i, the slope is high, and the s aspect
is northwest. Secondly, uis is smaller when s is at an altitude higher
than i, the slope is high, and the s aspect is northwest.
In LNF, the road network includes roads perpendicular to the
coast that are 10 m wide and roads that run parallel to the coast and
are 5 m wide. The likelihood of wildfire spread from a stand to
another thus depends on the type of road (if any) between them
(Table 4). The weight pis is equal to 1 if there is no road between the
stands and it decreases with road width.
The LNF area that is allocated to timber production shares bor-
ders with other land uses. Thus, this research used normalized values





, with s being a stand within that area. Thus, it is
assumed implicitly that the contribution from other land units to
the resistance of stand i is similar to the contribution of neighboring
stands in the LNF area that is allocated to timber production. An
alternative would be to assume a fixed value for the adjusted resis-
tance of those land units.
The Adjusted Cost Coefficient in the MIP Model
The MIP approach is deterministic. Nevertheless, it may effec-
tively address wildfire risk concerns by targeting forestwide wildfire
resistance conditions. These concerns are addressed further by ad-
justing the cost coefficients of the decision variables in the objective
function. Decision variables consist of prescriptions, i.e., sequences
of management options, such as clearcutting (CCP), thinning (TC),
cleaning (C), or no intervention (NI) (Table 5) to be implemented
in each stand of LNF in each planning period. All prescriptions
involve at most a clearcut.
The value of the cost coefficient cik of a prescription k is typically
computed by adding the net present value of its management op-
tions (NPVikt_int, with int  {CCP, NI, C, TC}) and the present
Table 3. Fire spread likelihood u considering the relative position
between i and s, the orientation and the slope of s.
Relative position between stands s and i
Elevation of s higher
or equal to i






Slope of s (°) Yes No Yes No
0–5 0.25 0.3 0.4 0.35
6–15 0.15 0.2 0.6 0.45
	15 0.05 0.1 0.8 0.55
Table 4. Weight to fire spread likelihood, considering the type of
road between s and i.
Type of road between s and i
None 5 m 10 m
Weight 1 0.8 0.6
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value of ending inventory. These values should be interpreted as
expected values, as they depend on the specific wildfire resistance
indicators rikt, which in turn depend on the probabilities of wildfire
occurrence, mortality, and proportion of dead trees. To reflect the
impact of wildfires, the net present value of management options is
adjusted so that it includes the present value of revenues resulting




NPVikt_int  SALikt_int (15)
Moreover, the net present value of other management options is
also adjusted according to the probability of wildfire occurrence, the
probability of mortality to occur after a wildfire, and the proportion
of dead trees if mortality indeed occurs. This information is encap-
sulated in the specific wildfire resistance indicators (rikt).
Thus, in the case of thinning and clearcut management options,
the net present value resulting from timber sales is computed as
NPVikt_CCP  riktviktP1ikt  PCt (16)
NPVikt_TC  riktviktP1ikt (17)
SALikt_CCP/TC  1  riktviktP2ikt (18)
where
rikt  specific wildfire resistance of stand i, in period t, when
managed according to prescription k.
vikt  volume harvested from stand i in period t, when managed
according to prescription k.
P1ikt  present value of stumpage price (€/m
3).
P2ikt  present value of salvage price (€/m
3).
PCt  present value of planting cost.
Equations 16 and 17 compute the net present value resulting
from the sale of live trees, while Equation 18 computes the net
present value of volume salvaged (1  rikt)vikt.
Since in LNF timber is typically sold as stumpage, it is assumed
that the cost of fuel treatments associated to harvesting operations,
e.g., like CCP or TC, is supported by the buyer. Moreover, no fuel
treatments are implemented whenever a wildfire occurs. Thus, in
this research, the cost of a fuel treatment scheduled to occur every d1
years is computed as follows: If d is the length of a planning period,
whenever a wildfire occurs in the last d1 years of period t, no fuel
treatment is required. Assuming d 	 d1, the probability of no wild-








ikt  probability of wildfire occurrence in stand i, in year u of
period t, when managed according to prescription k.
Therefore, the cost of a fuel treatment in period t will be
NPVikt_C  Pnfiktĉt (20)
where
ĉt  present value for fuel treatment cost.
The values for the probabilities take into consideration the pos-
sibility a fire in stand i to originate elsewhere. One of the limitations
of the model is that those values depend only on the prescriptions
assigned to stand i.
Results
The MIP model considered a four 10-year periods planning ho-
rizon and up to 40 prescriptions per stand in the area allocated to
timber production in LNF. The minimum average age at the end of
the planning horizon was set to 40 years (f  40), while the timber
flow constraints considered a maximum fluctuation of 25% (	 
0.25) between consecutive periods. The minimum landscapewide
wildfire resistance levels were set to range from RESt  0.7 to
RESt  0.89, with t  1, …, 4. The model encompassed 1,977
constraints and 4,069 variables, of which 2,496 are binary (Table 6).
The MIP model was implemented with the algebraic language
ILOG OPL 6.3 and it was solved by CPLEX 12.1, in a computer-i7
2600 central processing unit, 3.40 GHz with 16 GB of random
access memory. CPLEX returns the value of the linear relaxation of
the MIP model, i.e., its optimal solution when the constraints that
require integer values for decision variables are removed. CPLEX
starts by generating cuts that lead to the first node of the branch and
bound algorithm’s tree. The output is provided when the integer
optimal solution is reached or when CPLEX finds an integer solu-
tion that is within a 0.01% gap of the solution corresponding to the
best node examined so far. When the minimum landscapewide
wildfire resistance level was set to 0.89, CPLEX reported an optimal
solution associated with a forest value of approximately 69, 127.4 
103. The gap to the linear relaxation was 0.015%, while the gap to
the best node was 0.010%. This solution was obtained after 898.44
seconds and corresponds to landscapewide wildfire resistance levels
of 0.9444, 0.8944, 0.8900, and 0.8910 in periods 1, 2, 3, and 4,
respectively (Table 7).
Results of this computer run showed that, as expected, thinnings
occur frequently. This management option is implemented in 270,
241, 281, and 333 stands in periods 1, 2, 3, and 4, respectively. The
number of clearcuts is higher in the first period when 97 stands reach
the rotation age. Fuel treatments not associated with harvest opera-
tions occur only in period 2 when 97 stands are treated. The solution
to the scheduling problem reflects the initial age structure of the
forest, as well as the traditional silviculture model in LNF encom-
passing compulsory thinnings between 20 and 50 year of age. The
Table 5. Possible prescriptions, considering a planning horizon of
four periods.
Planning horizon
Prescriptions t  1 t  2 t  3 t  4
1 CCP NI TC C
2 NI CCP C TC
3 C NI CCP NI
4 TC TC TC CCP
CCP—clearcutting involving also a fuel treatment and a new plantation; TC—
thinning, involving also a fuel treatment; C—fuel treatment; NI—no intervention.
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area of mature forest in period 1 explains the number of clearcuts in
this period (Figures 1 and 2).
The MIP model was used to assess the sensitivity of the solution
to the weighting of the impacts of neighboring stands on a stand
wildfire resistance (Table 8). When no impact was considered (is 
0), 30 stands were assigned a different prescription and the forest
value decreased by 75.4  103 euros. In this solution, some clearcuts
previously scheduled to the fourth period are anticipated to periods
2 and 3. The number of stands where no management options are
implemented in period 4 increased.
Table 7. Solutions for the MIP model, considering different levels for minimum resistance.
Solution





t  1 t  2 t  3 t  4 Best integer
Linear
relaxation 1st node Final Time (sec.) Analyzed nodes
0.7 0.9444 0.8984 0.8443 0.8871 69,481.8 0.011 0.011 0.010 54.44 11,901
0.8 0.9444 0.8984 0.8443 0.8878 69,482.2 0.010 0.010 0.010 15.91 7,006
0.85 0.9444 0.8984 0.8503 0.8869 69,472.9 0.006 0.006 0.005 10.25 1,685
0.86 0.9444 0.8984 0.8600 0.8872 69,444.8 0.012 0.012 0.010 424.31 694,302
0.87 0.9444 0.8984 0.8700 0.8873 69,423.1 0.005 0.005 0.003 154.47 146,680
0.88 0.9444 0.8984 0.8800 0.8872 69,390.0 0.011 0.011 0.010 46.80 11,091
0.89 0.9444 0.8944 0.8900 0.8910 69,127.4 0.015 0.014 0.010 898.44 310,817
0.9 There is no feasible solution
Figure 1. Spatial distribution of management options when the minimum considering a minimum landscapewide wildfire resistance level
was set to 0.89.
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This result highlights that management options assigned to some
stands to increase its specific wildfire resistance do impact too the
wildfire resistance of their neighbors. Acknowledging the spatial
context of stands and, thus, adjusting the specific wildfire resistance
values may lead to savings in fuel treatment costs, which may even
overcome the increase of present revenue resulting from the antici-
pation of some clearcuts.
The MIP model was also used to assess the sensitivity of solutions
to the discount rate. In the case of a minimum landscapewide wild-
fire resistance level of 0.89, the decrease of the discount rate from 4
to 2% led to an increase of the forest value to 138,862.6  103 euros
(Table 9). The number of thinnings decreased and 29 prescriptions
were changed. Conversely, when the discount rate was increased to
6%, the forest value decreased to 44,480.3  103, while the number
of thinnings increased.
The typical LNF silviculture model used to generate the MIP
prescriptions was modified to assess whether it made sense to con-
sider fuel treatments in the middle of periods when interventions as
fuel treatment or thinning took place. For that purpose, in addition
to clearcut (CCP), thinning (TC), and fuel treatment (C) options,
this research considered a fuel treatment plus thinning (TCC) op-
tion and a two fuel treatments (CC) option. This change led to the
increase of the number of prescriptions per stand from 40 to 233.
Consequently, the number of variables increased to 20,242, of
which 18,669 are binary variables (Table 10).
The cost of a fuel treatment planned to be implemented in the
middle of a period is fully considered by the model if, and only if,
the wildfire occurrence probability in the previous years in that
period is zero. Else, the fuel treatment cost is multiplied by the
nonoccurrence wildfire probability in the first half of the period.
Computer runs, considering a minimum landscapewide wildfire
resistance level of 0.89, involved the analysis of 4,242,379 nodes
over 56,889 seconds. The solution reported a forest value of
69,166.2  103 euros. The landscapewide wildfire resistance level
reached 0.9444, 0.8948, 0.8900, and 0.8910, in periods 1, 2, 3, and
4, respectively (Table 11).
Results of this computer run showed again that, as expected,
thinnings are the most frequently implemented management option
in all periods. The number of clearcuts is again higher in the first
period when 98 stands reach the rotation age and 26 other stands are
not harvested or treated. Fuel treatments are more frequent in the
second period when they are carried out in 98 stands. Very few
stands are clearcut in the third and fourth periods (42 and 11,
respectively). Therefore, the solution to the scheduling problem
reflects again the structure of the current inventory.
The two fuel treatments (CC) option was never selected for this
level of resistance, while the fuel treatment plus thinning (TCC)
option was implemented in 30 stands in the third period. Appar-
ently, these options do not impact substantially the landscapewide
wildfire resistance (Tables 7 and 11), while they involve higher costs
resulting from additional fuel treatments in the middle of the plan-
ning period. The selection of a limited number of these manage-
ment options explains the similarity between the forest value when
either 40 (Table 7) or 233 (Table 11) prescriptions per stand are
considered. The fact that the MIP approach does not provide exact
optimal solutions (deviation less or equal than 0.01%) may explain
the differences.
Discussion and Conclusions
In this paper, we presented an approach to address wildfire risk in
forest management scheduling. The approach built from wildfire
occurrence and damage models (Garcia-Gonzalo et al. 2012,
Marques et al. 2012) to quantify a stand specific wildfire resistance.
Further, it adjusted this indicator to address landscapewide features
Figure 2. Stand age in the area allocated to timber production in LNF at the beginning and at the end of the planning horizon.
Table 8. MIP solutions when the minimum landscapewide wildfire
resistance level was set to 0.89 and the impacts of neighboring












is  0 69,127.4 0.015 0.014 0.010 898.44 310,817
is  0 69,052.0 0.013 0.011 0.001 37.60 27,751
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of wildfire risk. The indicator developed in this article tries to incor-
porate the endogenous nature of fire risk and severity (Garcia-
Gonzalo et al. 2012, Marques et al. 2012) and the relative position
and elevation of neighboring stands (McArthur 1967, Van Wagner
1988). This helps take into account the neighborhood context of a
stand and adjust the cost coefficients of the corresponding decision
variables based on its neighbors wildfire occurrence and damage
features. (e.g., Gonzáélez-Olabarria and Pukkala 2011). In fact, our
approach does not try to mimic wildfire spread over landscapes,
rather it demonstrates the potential of a methodology that may
estimate an adjusted risk indicator at the landscape level (that is not
based solely on the intrinsic risk associated to each of the stands).
Such an indicator conveys information valuable to the decision-
maker. It quantifies the impact of neighboring stands on a stand
wildfire resistance. This indicator may be easily updated if other
wildfires occurrence and damage models are available. The models
in Garcia-Gonzalo et al. (2012) and Marques et al. (2012) omit the
effects of weather and surface fuels and yet the absence of reliable
information about the future evolution of these factors prevents
their use in long-term forest planning (Martell 2001).
An MIP model was developed to assess the potential of the ad-
justed wildfire resistance indicator. An innovation of this model is
the attempt to address the risk of fire in forest management plans at
the landscape level by including fuel treatment options in addition
to the usual clearcut and thinning options. Another innovation lies
in the development of a landscapewide wildfire resistance indicator
and the setting of wildfire resistance targets. Previous research has
focused on incorporating similar indicators in heuristics methods
(Gonzáélez-Olabarria and Pukkala 2011). Still, another innovation
consists of adjusting the cost coefficients of decision variables, ac-
cording to the specific wildfire resistance indicators, so that the
solution may take into account losses due to wildfires.
In the case study, the development of the wildfire resistance
indicator was based on information from wildfire risk and damage
models for maritime pine stands in Portugal. The results demon-
strated that the model, although combinatorial, can be solved with
reasonable computation costs. Contrary to approaches that ignore
wildfire risk, it provides a more realistic estimate of forest outputs.
Results further show that the approach may contribute to integrate
wildfire management in the development of forest plans. It contrib-
uted to integrate wildfire management in the development of forest
management plans. Specifically, it provided further information
about the timing of management options such as fuel treatments to
mitigate wildfires risk and damage and as such it contributes to de-
crease losses that might otherwise occur. It also contributed to over-
come shortcomings of using solely a simple fire spread simulator
where ignition points need to be simulated, as this approach may be
very sensitive to the ignition points selected. The approach also
provided the possibility of assessing tradeoffs between production
and wildfire protection targets.
The approach highlighted that wildfire management must take
into account the number and distribution of fuel treatment options.
The model repeatedly chose prescriptions involving fuel treatments.
These impact substantially the specific wildfire resistance and, con-
sequently, also impact the adjusted wildfire resistance indicator. The
model confirms the pertinence of the coordination of fuel treat-
ments in a stand and in its neighboring stands, as an increased
Table 11. MIP solutions for different minimum landscapewide wildfire resistance target levels, considering 233 prescriptions.
Solution





t  1 t  2 t  3 t  4 Best integer
Linear
relaxation 1st node Final Time (sec.) Analyzed nodes
0.7 0.9444 0.8983 0.8444 0.8873 69,481.8 0.011 0.011 0.010 47.71 8,965
0.8 0.9444 0.8984 0.8443 0.8871 69,484.4 0.007 0.007 0.005 3,553.34 938,392
0.85 0.9445 0.8984 0.8500 0.8870 69,469.4 0.011 0.011 0.010 227.23 13,083
0.86 0.9444 0.8984 0.8602 0.8871 69,445.9 0.010 0.010 0.009 44.84 10,440
0.87 0.9444 0.8982 0.8700 0.8871 69,419.7 0.010 0.010 0.009 181.63 10,052
0.88 0.9444 0.8984 0.8801 0.8872 69,392.0 0.008 0.008 0.007 186.62 9,971
0.89 0.9444 0.8948 0.8900 0.8910 69,166.2 0.010 0.010 0.005 56,888.82 4,242,379
0.9 There is no feasible solution







Gaps (%) Interventions (total)
Linear
relaxation 1st node Final
Time
(sec.) CCP TC C NI
2 138,862.6 0.015 0.015 0.010 74.18 210 1,119 100 143
4 69,127.4 0.015 0.014 0.010 898.44 210 1,125 97 140
6 44,480.3 0.014 0.014 0.010 1,458.69 210 1,127 101 134
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neighbor wildfire resistance may impact positively the resistance of
the stand. The optimal distribution of fuel treatments helps increase
the landscapewide resistance.
Hence, it may be possible to achieve an adequate landscapewide
wildfire resistance by targeting key stands that may impact substan-
tially the wildfire resistance of its neighbors, rather than implement-
ing fuel treatments indiscriminately. This is consistent with the
findings from Wei et al. (2008) and it may help save wildfire man-
agement costs. Wei et al. (2008) demonstrated that ignoring the
contribution of neighbors when assessing the wildfire resistance of a
stand may lead to increased costs resulting from the implementation
of protection options for each stand alone.
The silviculture model used in LNF constrains the decision
space, as thinnings are mandatory and must occur every 5 years
between ages 20 and 25. In the future, it would be interesting to
develop silviculture and growth-and-yield models to enable the ex-
pansion of the decision space. We think that the potential of this
approach may then be further highlighted. Nevertheless, further
research is being developed to address the decomposition of the
forest-level problem into subproblems that may expand the imme-
diate neighborhood context considered in this manuscript.
Other ongoing research to enhance this approach targets is
its integration within a multiple criteria Pareto frontier method
framework to facilitate the assessment of tradeoffs between wildfire
resistance and production goals. It further focuses on the develop-
ment of modeling features that may address adaptive management
planning concerns.
Literature Cited
ALEXANDRIAN, D., F. ESNAULT, AND G. CALABRI. 2000. Forest fires in the
Mediterranean area. Unasylva. 197(50):35–41.
ACUNA, M., C. PALMA, W. CUI, D. MARTELL, AND A. WEINTRAUB. 2010.
Integrated spatial fire and forest management planning. Can. J. For. Res.
40:2370–2383.
AGEE, J., B. BAHRO, M. FINNEY, P. OMI, D. SAPSIS, C. SKINNER, J. VAN
WAGTENDONK, AND C. WEATHERSPOON. 2000. The use of shaded
fuelbreaks in landscape fire management. For. Ecol. Manage. 127:
55–66.
ARMSTRONG, G.W. 2004. Sustainability of timber supply considering the
risk of wildfire. For. Sci. 50(5):626–639.
BETTINGER, P. 2009. A prototype method for integrating spatially-refer-
enced wildfires into a tactical forest planning model. Res. J. For.
3(1):8–22.
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Appendix
Adjusted Resistance Index is between 0 and 1
It is intended to show that the adjusted resistance index varies
between 0 and 1 both in the case of Equation 1 and in Equation 2.
We use Banach fixed point theorem; for background see, e.g., Puter-
man (2005).
Theorem 1. Let 0  wi  1, for all i, is  0 for all i and s,
s  i

 is  1 for all i, and 0  Rit  1 for all i and t. Thus, RAit and
RAit
 as defined by Equations 1 and 2, respectively, have their values in
[0,1].
Proof
Equation 2 is equivalent having
RAit
   1  1  wi 
si
isRit
 1  wi 
si
isRst, i  I, t  T (21)
As 0  (1  wi)  1, is  0 and s  i

 is  1, then
(1  wi) is  0 for all s and 1  (1  wi)s  i

 is  0.
Hence, RAit
 is a convex combination of Rit and Rst for s  {i}.
By assumption 0  Rit  1 and 0  Rst  1, thus
0  RAit
  1.
We prove now that 0  RAit  1. To simplify the notation we drop
down the index t and rewrite Equation 1 as
RAi  Ri  1  wi 
si
isRAs  Ri, i  I
Let Q be the function defined by
Q:I3 I
 x1,. . ., xI3 Q1 x1,. . ., xI,. . .,QI x1,. . ., xI
where each of its component functions is defined by
Qix  Ri  1  wi 
si
isxs  Ri, i  I




Let x, y  RI. Then
Qx  Qy  max	Q1x  Q1y	,. . .,	QIx  QIy	




Ri  1  wi 
si
isxs  Ri
 Ri  1  wi 
si

















1  w jImax 	xj  yj	, with w  min wi
 1  w 
jI
max 	xj  yj	
 1  w x  y
as wi  0, i  I then 0  1  w   1. Thus, Q is a con-
traction. By Banach fixed point theorem, Q has a unique fixed point
that corresponds to a solution of the Equation 1. Therefore, it is




0  Ri, i  I
ri
k  Ri  1  wi 
si
isrs
k1  Ri, k  1, i  I
converges to that solution.
The aim is then to show that 0  ri
k  1, i  I,  k  . In
this case, it is proved that 0  RAi  1.
The proof will be done by induction.
1. For k  0, 0  ri
k  1, i  I, as by assumption, ri
0  Ri
and 0  Ri  1, i  I.
2. Induction hypothesis: 0  ri
k1  1, i  I.
ri
k   1  1  wi 
si




This equation is similar to Equation 21. Repeating the argument
used to prove RAit
  0,1, we conclude that ri
k  0,1, i  I,
k  .
Therefore, by the definition of ri
k, the sequence converges to a
limit RAi and 0  RAi  1, i  I.
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